This paper studies the returns to general labour market experience and firm-specific tenure, using data from China. Specifically, it focuses on explaining the gender wage difference from the perspective of general human capital and specific human capital. It applies the Heckman maximum likelihood estimator and Topel two-step estimation methodology to correct sample selection bias and individual heterogeneity. After correcting the errors, the authors find that returns to experience are higher for men than women, especially for married men and women. Furthermore, the return to tenure is higher than that to general experience. For men, the former is about 6% higher than the latter. But for women, tenure contributes 7-8% more to the wage growth than experience. The return of general experience mainly contributes to gender wage difference in China. Empirical results also show that the cross section analysis downward biases the returns to potential experience and a simple Topel-2S estimation in the panel study upward biases the returns.
Introduction
The labour market for women has changed substantially in the world. Women's labour force participation rate has increased. Women gain better payment and more promotions and obtain a better economic status. According to The Global Gender Gap Report 2015 (2015 , the female labour force participation rate in China was 46.63% in 1982 and reached 73% in 2015, which was the highest in the world. However, the gender wage gap persists, even is enlarged. The Green Book of Population and Labor 2016 (2016) released by the Population and Labor Economics Institute of the Chinese Academy of Social Sciences reports that the gender pay gap in China is widening. In 1990, women made on average 77.5% of men's salaries, but the rate dropped to 65.8% in 2010. The Report of China's Gender Wage Gap 2016, published on the web of Boss Zhipin which is a recruiting website in China, also confirms that the average income before tax for females was 4449 RMB in 2016, which was about 22.3% lower than that of males' average income. Furthermore, the higher the income level, the wider the gap. These numbers indicate that women's relative economic status may be worse in terms of wage rate. The report says that 56% of the wage gap could be explained by occupations, regional differences, working experience and education level. When the working experience increases by one year, the income will increase by 6.3% for females and 7.5% for males. Meanwhile, when education increases by one level, the income will increase by 9.6% for females and 8.3% for males. Therefore, working experience widens the gender wage gap, while education does the opposite. If this is the case, it is necessary to revisit the wage experience profile to explore the channel through which gender wage gap is widened. How wages increase with experience across different subpopulations not only matters to employees, but also poses important implications to understanding the wage structure. Becker (1975) differentiates general labour experience and job-specific human capital (also called tenure). The theory of human capital argues that general experiences help to raise the productivity for most jobs in the market, while tenure raises the productivity at the current job. Therefore, employers have a strong incentive to invest in specific training. Employers are more likely to hire male employees in consideration of the higher labour market attachment of male workers. According to theory, during the training process the pay may be lower on average, but the growth rate of wages will be higher in the long run. The delayed payment mechanism could decrease the turnover rate. On the other hand, the theory also indicates that the costs of job mobility could be high.
In order to examine the latitude that labour market affects gender wage difference, we argue that firm-specific experience should be differentiated from general labour market experience (Abraham et al., 1987; Becker, 1975; Dobbie, MacMillan, & Watson, 2014; Topel, 1991) . However, sample selection bias and personal heterogeneity should be taken into consideration. There are two contributions made by this study. First, we contribute to the methodological literature on estimating wage growth. We address the sample selection bias by applying the Heckman maximum likelihood estimator (MLE) and incorporate the methodology into the Topel-2S to solve the personal heterogeneity problem. We try to examine the extent to which the potential experience and tenure affect men and women's wage growth. Second, we examine whether tenure contributes to gender wage gap. Although our study is based on the data of China, the gender wage gap exists universally in the world. Understanding the wage experience profile has implications for government policies on the labour market, such as how to invest human capital, and how to establish an incentive mechanism of labour demand and labour supply.
The rest of the paper is organised as follows. Section 2 reviews the literature. Section 3 describes the data and variables. Section 4 provides a discussion on empirical methodology. Section 5 reports the empirical result and robustness tests. Section 6 concludes.
Literature review
The Mincer model lays a foundation for studies on human capital in the area of labour economics. However, most early studies on wage growth only include experience in regression models without paying enough attention to tenure, which results in underestimating the return to training and overestimating the return to formal education (Regan & Oaxaca, 2009 ). If this is the case, government might invest too much in school education, but too little in professional training. Following the Mincer model, a large body of recent literature has documented a discussion of market returns of experience and tenure. There are mainly two streams of literatures. The first group of literature has been making efforts to improve the empirical results. Most agree that the overall return to human capital is higher for men than for women (Light & Ureta, 1995; Munasinghe, Reif, & Henriques, 2008; Orlowski, 2010) . However, when decomposing the return to general human capital and firm-specific human capital, conflict results were reported. Some found that both experience and tenure statistically influenced one's wage rate (Topel, 1991) , while some argued that tenure had little impact on one's wage (Abraham & Farber, 1987; Orlowski, 2010; Strobl & Walsh, 1999; Williams, 1991) . Some found that returns to experience and tenure were higher for men than for women (Munasinghe et al., 2008) , while some found the opposite results (Becker & Lindsay, 1994; Coleman, 1998) . Dustmann and Meghir (2005) used a sample of young workers in Germany and found positive returns to experience and tenure for skilled workers on wage growth, and no impact for unskilled workers. Furthermore, they also found that the return to firm tenure was substantial. Orlowski (2010) used data from Germen to examine returns to the experience and tenure from a lifecycle perspective. The author found very low returns to tenure for all workers and thus concluded that most wage growth could be explained by the accumulation of general experience. The author also found significantly lower returns to experience for women than men. Munasinghe et al. (2008) used the National Longitudinal Survey of Youth (NLSY) panel data to examine returns to experience and tenure. They used the information of actual working experience asked in the survey and the current job tenure in the wage equation. The authors found that among more educated work, the return to tenure is lower for women than for men. Williams (1991) found that general market experience increased wages significantly over a career, but tenure only increased wages in the first few years of a career. Becker and Lindsay (1994) found that since women were more likely to leave a job than men, an efficient cost-sharing model implied a higher return to tenure for females than males. However, Strobl and Walsh (1999) updated their study and found no gender difference in the return to tenure. Coleman (1998) used the British New Earnings Survey in the study and found that females have higher returns to tenure than males. He argued that this was because the starting salaries were usually low for women and that some catchup attempts had been made by the unions and government to drive up the wage rate. Meanwhile, market segmentation could also, to some extent, explain the results, since women may be concentrated in jobs where tenure is a relatively more important determinant of earnings. Dobbie et al. (2014) used Australian panel data and argued that market experience and occupational tenure matter to wage growth, while job tenure does not show effects. They argued that occupational tenure somehow negated the job tenure effect. Battisti (2016) applied data of young Italian workers and found that wage returns to industry experience were much higher than wage returns to job seniority. Lazear (2009) argues that there is no clear line between the returns to general human capital and to the specific human capital. Individuals hold a set of skills that matches each employer. The growth of one's wage greatly depends on how well the skills match the requirement of the current employer. Recent studies, such as Gathmann and Schonberg (2010) and Yamaguchi (2012) , followed similar logics and tried to provide new insights in understanding the impact of general and specific human capital on labour market.
The second group focuses on the methodology used to solve the endogeneity problem. Ordinary least squares (OLS) estimation was criticised by most studies for biased estimates, since both experience and tenure might correlate with error terms. Thus, instrumental variables were applied in many studies (Light & Ureta, 1995; Sulis, 2014) . Light and Ureta (1995) measured the work experience by calculating the fraction of time worked during each year of the career, and used Instrumental Variable (IV) estimation in the study. They found that return to tenure was three times larger for women when comparing with men. However, the study is criticised for using IV estimation. Sulis (2014) studied the return to experience and tenure for Italian young men. The author found that OLS estimation downward biased the returns to both. Topel (1991) once argued that instrumental variables might consistently underestimate the return to tenure. Therefore, augmented instrumental variables are applied in the analysis, including the IV estimation proposed by Altonji and Shakotko (1987) and the two-stage first differencing estimation proposed by Topel (1991) (Munasinghe et al., 2008; Orlowski, 2010) .
The measurement error problem was also discussed (Antecol & Berdard, 2002 , 2004 Regan & Oaxaca, 2009 ) to help to improve the results. It arises when potential experience is used instead of actual experience in empirical analysis. Regan and Oaxaca (2009) used data from the 1979 National Longitudinal Survey of Youth and Panel Study of Income Dynamics to predict actual experience. They then extended the predicted actual experience to a data set including both male and female workers and found that potential experience did bias the results by overestimating the return of schooling and underestimating the return to work experience.
In sum, critical problems that contribute to ambiguous results are personal heterogeneity and sample selection bias. The source of individual heterogeneity is individuals' different incentives to attend the labour market and the possibility that high ability workers are more likely to stay in the labour market and, hence, have more of both general and firm-specific experience. Heterogeneity could originate from different living habits, and different propensities to quit or to be absent once workers are employed (Weiss, 1995) . Selection bias arises when only those employed are observed and included in wage regression models (Heckman, 1979) . In consideration of the problem that fixed or random effect estimation would not provide efficient estimates (Wooldridge, 2009 ) because of the constant variation of experience and tenure, we apply Topel-2S (1991) estimation in this study.
Data analysis

Data
We apply the data of China Family Panel Studies (CFPS) between 2010 and 2014. The dependent variable is the logarithm of the worker's hourly wage. The interested variables are potential experience (exp ) and seniority (tenure). Potential work experience is calculated by subtracting six and the years of education from a person's age if he/she has more than 10 years of education. For those who receive less than 10 years of education, the experience is calculated by subtracting 16 from their age. Other control variables include: individual's marital status, years of education (edu), union member, non-agricultural residency (hukou), Communist Party member (member), health status, individual's occupation, industry, types of enterprises' ownership, and province dummies. Descriptive data are listed in Table 1 .
Contributions of variables to wage inequality
We apply the decomposition methodology proposed by Fields and Yoo (2000) 1 to identify how much income inequality is explained by each explanatory variable in a standard semi-log wage regression model. Let
By taking the variance of both sides of Equation (1), the left-hand side represents wage inequality. The equation could be rearranged in the following form:
where S J lnW i ð Þ refers to 'relative inequality weight'. In terms of Equation (2), we calculate the contribution to wage inequality for each explanatory variable. Table 2 shows that, under the OLS regression model, 8% of wage inequality is attributed to the years of education. Moreover, 3% is attributed to tenure and 0.5% to potential experience. For married employees, 7.7, 3.2, and 1.1% of wage inequality is attributed to years of education, tenure, and potential experience, respectively. This indicates that experience and tenure contribute more to wage inequality for married workers.
If we correct the selection bias with Heckman MLE, the contribution of education doubles for both the overall and married samples. Tenure still contributes more to general wage inequality than potential experience. Compared with the results from the OLS model, the contributions of most variables increase and the contribution of residual to wage inequality decreases by about 20%.
We subsequently apply Oaxaca (1973) and Blinder (1973) methodology 2 to analyse the contribution each variable makes to gender wage inequality. The estimated wage equations for males and females can be written as in Equations (3) and (4):
where the lnW m is the average wage for males; b a m is the estimated intercept term; b b m0 is a row vector of estimated slope coefficients for the set of regressors in the wage equations; and X m is a column vector of regressor means. Equation (4) is for females. As such, the mean difference of log wages between males and females could be specified as
represents a row vector of constructed non-discriminatory coefficients for the set of regressors. Consequently, the first term on the right-hand side of Equation (5) is the part 'explained' by group differences, and the rest of the terms on Notes: "Exp" represents the contribution of experience and its quadratic term to the wage inequality, as does "Tenure." Other controlled variables include: firm-type dummy (3), occupation dummy (6), industry dummy (19), and region dummy (24). Data source: 2010 CFPS.
the right-hand side are the 'unexplained' part. The sum of the 'explained' and 'unexplained' parts is the so-called 'two-fold' decomposition (Jann, 2008) . When estimating the effects of discrimination, however, the index number problem (Oaxaca, 1973) is always involved in the analysis. Therefore, an index is required to eliminate the effect of price differences between the two groups. Economists have put forward different methods to select non-discriminatory coefficients. Oaxaca (1973) suggests using the estimated slope coefficients of males or females as b b Ã0 : Reimers (1983) adopts the average coefficients over both groups to replace it. Cotton (1988) proposes to weight the coefficients of both group sizes (males and females). Neumark (1988) advocates using the coefficients from a pooled regression over both groups to capture the non-discriminatory coefficients. In this paper, we follow the approach proposed by Oaxaca and Ransom (1994) , in which a weighting matrix is constructed to acquire b b Ã0 : The coefficients are specified as
where I is the identity matrix. Table 3 lists results of the Oaxaca-Blinder wage decomposition under the OLS and Heckman MLE regression models. After correcting the sample selection bias, the unexplained part still plays the dominant role (0.316 log points). The difference between the unexplained and explained parts indicates that gender wage difference is still a serious problem in the labour market in China. Table 4 reports the partial contribution of each variable to the gender wage difference (see Table 4 ). The partial contribution of experience and education to the explained part and the unexplained part are significant and negative, meaning that both help to narrow the gender wage gap. The partial contribution of tenure is 0.027 log points to the explained part, indicating that tenure may enlarge the gender wage gap.
Empirical methodology
Our primary regression model is based on an expanded Mincer wage function as follows. Potential experience and tenure are both included in the function to correct selectivity bias. Square terms for both are also included to examine their nonlinear correlations with log wage:
where ln W i is the log of hourly wage of individual i; exp i is individual i 0 s potential experience, which is defined as the general human capital obtained on the labour market; exp 2 i is the square term of potential experience; tenure i is one's seniority in the current job; tenure 2 i is the square term of one's tenure; D ik represents other control variables, including personal characteristics, labour market information; b 1 ; b 2 ; b 3 ; b 4 ; and d k are parameters; a is the constant term; and e i is the error term. The sample selection bias that arises when female workers exhibit a lower attachment to the labour market (i.e., unemployed at the time of the survey) may be excluded from the sample. Such a problem could be seen as an omitted variable problem (Heckman, 1979) . To correct the sample selection in the cross section and panel data analysis, we apply the Heckman two-step MLE. The selection equations are as follows:
Individual i 0 s decision to participate in the labour market depends on a set of personal characteristics X i ; including not only personal characteristics, but also variables that affect the employee's decision to enter the labour market without affecting the wage growth. We use variable share; which represents the percentage of family members who are under 7 and above 65 years old.
We also construct a longitudinal data analysis. Compared with the cross section analysis, panel data take into consideration the accumulation of human capital instead of the human capital at a certain time point. Moreover, the cross section analysis failed to control for the individual fixed effect. The source of individual heterogeneity could be not only individuals' different incentives to attend the labour market, but also the possibility that higher ability workers are more inclined to stay in the labour Notes: "Exp" represents the contribution of experience and its quadratic term to the wage inequality, as does "Tenure." Other controlled variables include: firm-type dummy (3), occupation dummy (6), industry dummy (19), and region dummy (24). We only report the main results of experience, tenure, and education. Since the Heckman MLE did not change the results on the basis of the OLS estimation, we only report results of OLS estimates. Data source: 2010 CHPS. ÃÃÃ , ÃÃ , and Ã represent significance at the 1, 5, and 10% levels. Standard errors are in parentheses.
market and, hence, have more of both general and firm-specific experience (Altonji & Williams, 2005) . Therefore, a panel study has the advantage of controlling for the individual-specific error. However, simply using the fixed or random effect estimation would not provide efficient estimates in studying the return to experience (Wooldridge, 2009 ) because the variation of experience and tenure will be constant as long as they are included in the sample, which is two years in our study. Therefore, we apply Topel-2S estimation, which is detailed in Topel's (1991) work. Besides the individual fixed effects and endogeneity problem, sample selection bias is still a problem not taken into consideration by studies that use Topel-2S to examine returns to experience and tenure. Topel-2S will provide unbiased results if, and only if, employees who start a new job or never change their job are randomly selected, which is difficult to satisfy. Therefore, not considering the selection bias might bias the return to experience upward (Williams, 2009) , since the observations included in the study are those who exhibit a high attachment to current jobs. Employees who have a lower attachment to their job or to the labour market are excluded from the data. Our study incorporates the Heckman MLE to correct selection bias. The following section briefly demonstrates this method when applying it to our study. We start with the Mincer wage equation in Equation (9).
where ln W ijt is the log hourly wage for individual i when working at job j at time t: exp ijt is individual i 0 s potential work experience, and tenure ijt is i 0 s tenure at job j. exp 2 ijt and tenure 2 ijt are quadratic forms of experience and tenure. D ijtk includes all other control variables. b 1 ; b 2 ; b 3 ; b 4 ; and d k are parameters. a is the constant term and e ijt is the error term. The within job wage growth could be calculated by first differencing the wage equation, which would eliminate the fixed job and individual effects. Let
where exp 0 is the initial potential experience, and total experience is the sum of the initial experience and tenure. Considering the wage growth of those not willing to change their current job in the next iteration, we have the following result:
Because the panel survey is conducted over two years, the last period is represented by (t À 2Þ: If E e ijt Àe ijtÀ2 ð Þ ¼ 0; an OLS analysis of Equation (11) (12) We could obtain d ðb 1 þ b 3 Þ, b b 2 and b b 4 by estimating Equation (11) and b b 1 by estimating Equation (12). Then we subtract b
Again, the selection bias still exists since the data include only individuals that do not change jobs during any two consecutive surveys. Therefore, we incorporate Heckman MLE to the Topel-2S estimation to avoid the selection bias problem:
where change ijt is a binary variable and equals 1 if one changes job between any two consecutive surveys and 0 otherwise. X ijt is a vector of the explanatory variables, which includes not only independent variables in Equation (12), but also variables that affect the employee's decision to change his/her current job without affecting his/her wage. Therefore, we construct a dummy variable that equals 1 if one has a second job, and 0 otherwise. We run regressions for Equations (12) and (13) to get unbiased estimates of returns to experience and tenure with panel data.
Results and discussion
Empirical results
In Table 5 , the likelihood ratio test indicates that sample selection bias exists for all groups. The results show that potential experience has an inverse U-shaped correlation with wage growth. The return to experience is higher for females than males, and is higher for married women than married men. Tenure has a significant and positive influence on wage growth for all groups. The insignificant square terms of tenure indicate a linear correlation with wage growth, which is different from some previous studies using data from foreign countries (Bratsberg & Terrell, 1998; Hersch & Reagan, 1990; Williams, 1991) . Guasch and Weiss (1982) argue that deferred compensation payment could discourage employees with low market attachment from applying for the job and is responsible for the linear relationship. Chow-tests show the return to experience is higher for women than men, but no gender difference in the return to tenure. Table 6 lists the results for cross section and panel analysis with and without MLE applied. Topel-2S estimation with MLE applied shows that all coefficients become smaller. An increase in experience raises the wage by 5.9% for men and 4.6% for women, and by 6% for married men and 2.8% for married women. Furthermore, the gender difference of the return to experience is increasing for married employees. This is because women traditionally undertake more housework than men, and the return to experience for married women may depreciate even faster and contribute to the increasingly wide gender wage gap. Also, women are required to retire at 55 in China, which may lower the expectation of the return to experience and thus decrease the incentive for human capital investment for women. As a result, the lower expectation decreases one's productivity and wage growth.
Coefficients for tenure increase when Topel-2S and Heckman MLE are applied. Thus, the Topel-2S estimation without correcting the sample selection bias may overpredict the return to the experience and downward bias the return to tenure.
Robustness test
We conduct robustness tests in this session. The first test, listed in Table 7 , considers the impact of the number of children. Since women usually take more of the responsibilities regarding housework and child care, the number of children under 16 is one of the reasons women have lower attachment to the labour market, and, as result, the return to experience for women is lower than for men. When controlling for the number of children under 16, the results show that the return to experience for women is even higher, which is expected. However, the result is consistent with previous studies in that the return to experience is higher for women than men, while the return to tenure shows no difference between men and women. Overall, the return to experience is consistently higher than that to tenure.
The second test in Table 7 uses the employee's age as a proxy for potential experience. It is argued that potential experience assumes that one enters the labour market after completing schooling and stays on the market without interruptions, and therefore experience increases with age. Therefore, age can be used instead of experience. Although we obtain the same conclusion, the coefficients are generally higher than results from the first test (see Table 7 ). This is because age is also a wage determinant; therefore, the estimate of age includes not only the return to experience but also the return to age. We also use 2012 and 2014 CFPS data for the cross section analysis in the third and fourth tests. Again, previous results are confirmed. 
Conclusions
As discussed in the main text, personal heterogeneity and selection bias were the main problems in previous studies, which caused mixed results. By applying the data of China, we found that cross section analysis downward biases the results and a simple Topel-2S estimation in panel study overestimates the return to potential experience. After correcting the sample selection bias and personal heterogeneity problems, our results show the following findings. First of all, potential experience has a positive and significant impact on wages for both male and female employees. The return to potential experience is higher for men than for women, especially for married men and married women. It contributes to gender wage inequality. Our data show that general working experience increases by one year will result in wage growth by 5.9% for men and 4.6% for women. This estimation is lower than what has been reported from other sources. The results indicate that general training for women does matter to narrow the gender wage gap. Moreover, when the career path is interrupted, such as by child care, the employee will suffer a substantial loss in wage growth. Specifically, in China, the 35-year-old threshold 3 to labour market may exacerbate the gender wage gap for women.
Second, we found that there is no big difference in returns to experience and tenure between the overall male employees and the married male employees. Meanwhile, the return to the experience is much higher for the overall female sample than for the married female sample. This may be because getting married does not affect men's performance on the labour market, but usually negatively affects women, taking into consideration that women undertake more housework. Gender wage inequality could be clearly observed when comparing married male employees with married female employees. Our study confirms that returns to general experience for male and female employees are significantly different, which is the main source of the gender wage gap in China. Third, our results indicate that compared with the return to general experience, firm-specific human capital contributes to a higher wage growth for both male and female employees. This may be because the delayed payment mechanism of wage determination and higher productivity resulted from specific training. This result is inconsistent with some previous studies (Abraham & Farber, 1987; Orlowski, 2010; Sulis, 2014; Strobl & Walsh, 1999; Williams, 1991) , in which tenure has an insignificant influence on an individual's wage growth.
Finally, although the significance of coefficients is not technically reported in the Topel-2S model, there is no evidence of difference in the return to tenure between male and female employees when sample selection bias is corrected in the cross section model.
In sum, we conclude that return to experience is the main source of the gender wage gap, but return to tenure does not contribute to the gender wage difference. When comparing the return to tenure with that to general experience, the results indicate that the return to tenure is about 6% higher than that to the general experience for male employees and about 7-8% higher for female employees. In the area of (3), occupation dummy (6), industry dummy (19), and region dummy (24). There is no information on tenure in 2014 CFPS data, therefore tenure is not controlled for in test 4. ÃÃÃ , ÃÃ and Ã represent significance at the 1, 5, and 10% levels, respectively. Standard errors are in parentheses. p-Values are in brackets. Data source: 2010 CFPS data is applied in the cross section analysis. 2012-2014 CFPS data is applied in the panel analysis.
public policy, this result asks the government to provide more opportunities for professional training for female employees, specifically for married female employees.
The main limitation of this study is that we define tenure in a broader way. Some scholars (Goldsmith & Veum, 2002; Kambourov & Manovskii, 2009; Nawakitphaitoon, 2014; Neal, 1995; Parent, 2000; Sullivan, 2010; Zangelidis, 2008) argue that not just firm-specific human capital matters, industry-specific or occupational tenure may matter even more. The basic assumption for such arguments is that skills are transferable, thus the impact of firm-specific human capital on wage growth may be minor. It would provide more convincing results if we could define tenure in detail and explore the return to each of them under the MLE and Topel-2S models. This could be improved in future studies when rich data are available. Another extension of the study is to explore how much unemployment duration may ruin the increasing returns to general human capital and specific human capital. This will shed light on governmental policies on professional training and subsidies for female employees and unemployed employees.
Notes
